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ABSTRACT [7]. To this end, the charging of vehicles needs to be scheduled in
We introduce a novel online mechanism that schedules the allo- 0'der to balance the load. However, different consumers may have
cation of an expiring and continuously-produced resource to self- different time constraints and willingness to pay, which the sched-
interested agents with private preferences. A key application of our ”r:‘? needs to take I|nto gonadeéatloE. _TO adfdress thlshchgller;ge,_ In
mechanism is the charging of pure electric vehicles, where owners tNiS paper, we apply an (_exte_n ‘?C niques from mechanism design
arrive dynamically over time, and each owner requires a minimum ano_l t.h_e St_OChaSt_'C optimisation I|t_erature to ensure incentive com-
amount of charge by its departure to complete its next trip. To truth- patibility (i.e., to incentivisestrategicagents to reveal their prefer_—
fully elicit the agents’ preferences in this setting, we introduce the €NCes truthfully), and produce effective schedules for EV charging
new concept of pre-commitment: Whenever an agent is selected Dealing with the limitation of local distribution networks has
our mechanism pre-commits to charging the vehicle by its reported been d's?ussed in a range of _re(_:ent works_. For e_xample, [2] and
departure time, but maintains flexibility abowhenthe charging L2l Provide a thorough descriptive analysis of this problem, al-
takes place and athat rate Furthermore, to make effective alloca- though they only discuss the problem at a high level and do not
tion decisions we use a model-based approach by modifying Con. Propose specific schedullqg heurlgtlcs. Moreover, thgse and most
sensus, a well-known online optimisation algorithm. We show that Cther papers assume that information about the EVs is known and
our pre-commitment mechanism with modified Consensus incen- they do not consider the elicitation problem, where strategic agents
tivises truthful reporting. Furthermore, through simulations based m?:y m|sr§port their preferelnces if thlhs IS lt)frelr pest llnterest. |
on real-world data, we show empirically that the average utility ramed in more general terms, the problem involves the real-

achieved by our mechanism is 93% or more of the offline optimal. {iMe scheduling of jobs released over time (in our case, electric
vehicles that require a certain amount of charge by their depar-

ture) sharing a scarce resource (in our case, electricity that is lim-

Categones and SUbJeCt Descrlptors ited by the maximum transformer capacity), and given uncertainty

1.2.11 [Artificial Intelligence ]: Distributed Artificial Intelligence— about future arrivals. Such problems are addressed in the impor-

multiagent systems tant and growing field of stochastic optimisation [6]. However, it
has been shown that solving these problems optimally is NP-hard

General Terms (see [10] for an overview) and many heuristics have been devel-

oped. The approach in our paper is based on one of the most widely
used such heuristics, the Consensus approach introduced in [1]. In
their approach, a number of future scenarios are sampled, and then
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Keywords the scheduling is solved for each of these scenarios (which can be

electric vehicles, mechanism design, pricing solved using an offline algorithm). Then, the decision whether to
schedule a particular job (in our case, an EV) is made based on

1. INTRODUCTION a Consensus vote between these scenarios. However, unlike our

work, [1] only applies to settings with a single machine (corre-
Recent years have seen a proliferation of interest in electric vehiclessponding to a setting where only a single EV can be charged at
(EVs), generally perceived as a key technology for achieving sus- any time) and agents are assumed to be non-strategic.
tainable mass transportation with low carbon emissions [7]. While A number of papers have considered scheduling with strategic
EVs are a promising technology, their widespread use is also ex- agents. Specifically, [11] examines the scheduling of jobs on a sin-
pected to place considerable strains on existing electricity distribu- gle machine and proposes an incentive compatible mechanism for
tion networks. EVs typically require high charging rates, up to 3 thjs setting. However, their work assumes a computational setting
times the maximum demand of a typical home. This means that yhere the results of a job are released to the agents only on comple-
if all vehicle owners plug in at peak times (typically in the early tjon or by the agent's reported deadline. This approach cannot be
evening), the transformers involved in distributing electricity to lo-  ysed for electricity distribution, since electricity must be allocated
cal neighbourhoods may be overloaded by the additional demandinstanﬂy when available. More recently, [5] proposes a mecha-

nism that deals with multi-dimensional, marginally decreasing val-
Appears in:  Proceedings of the 11ith International Con- yations, showing how this setting naturally applies to the charging
ference on Autonomous Agents and Multiagent Systemsgt hyhrig EVs (where any shortfall in electricity can be supple-

EeAéAS"\)A'Z% J2u(311e22)0C13§ n&;gﬁci\;\hggg?ﬁ Padgham, and van der Hoek mented by fuel). However, that approach does not readily extend to

Copyright© 2012, International Foundation for Autonomous Agents and the case of pure EVs, which is better characterised by complemen-
Multiagent Systems (www.ifaamas.org). All rights reserved.



tary preferences (since agents only receive value when the batteryhenceforth calledgents who arrive over time. Each agent [ is
is sufficiently charged), and it assumes both discrete time and sup-interested in aequired amountg;, of the resource and hawvalue
ply. Furthermore, all of these approachesmel-fregi.e., they v;, for this amount. The agent has no additional value for receiving
do not consider possible future arrivals in the allocations. This can more, and has a value 6ffor getting less tham;. Additionally,
be especially inefficient in case of complementary preferences. agents can only receive the resource during thetive interval
There are a few online mechanism design papers which also ac-[a;, d;], wherea; andd; are the agent's arrival and departure times.
count for future arrivals [8, 3]. Like our paper, these are based o Finally, each agent hasraaximum consumption ratg, such that,
a version of the Consensus algorithm, but their approach results inin a given time intervalAt, agenti can consume at most - At
allocations which are not necessanihpnotonic(a necessary con-  of the resource. Note that agents are indifferent about when they
dition for incentive compatibility). As a result, they require an addi- receive the resource as long as it is within the active interval. To-
tional ironing procedure which cancels allocations that violate the gether these form ageii$ type 0; = (g:, vs, 7, as, d;), and we de-
monotonicity property. This approach has two drawbacks. First, note the type profile for agents irby 6; = {61, 0,...,6,}. This
ironing is computationally prohibitive and thus impractical for the generic model maps nicely into our EV charging scenario, where
EV domain, since it needs to consider all possible misreports in or- r; is the maximum charging speed (in kW) ajd, d;] represents
der to establish whether cancelling an allocation is required. Sec-the time interval during which the car is at home and available for
ond, it causes inefficiencies in the allocation, since ironed resourcescharging. Furthermore, this model can be readily applied to a wide
are lost and cannot be allocated to any other agents. Furthermorerange of other domains where expiring resources become available
unlike our setting, both [8] and [3] assume discrete time and indi- continuously over time, such as the allocation of computational re-
visible resources. sources in cloud settings, the allocation of bandwidth in networks,
In this work, we address these limitations by proposing the first or even allocating human resources to projects.
incentive-compatible, model-based mechanism for a real-time set- Given this model, we are interested in designing a mechanism
ting with a continuously divisible resource. This achieves incen- for finding a real-time schedule, wherep(i,t) € R determines
tive compatibility by ensuring monotonicity for all allocations, thus theconsumption ratat which agent receives the resource at time
avoiding the need for expensive ironing. In more detail, we make ¢. Clearly, such a schedule must satisfy the various constraints
the following contributions to the state of the art: outlined above (i.e., total consumption at any titnmay not ex-

1) We introduce, for the first time, the notionie-commitment ~ ceed the production ratg), agents cannot receive resources out-
in online mechanism design. When the mechanism decides to pre_S|de the!r active |ntervaI§, and they must not exce.ed their individ-
commit to an agent, it ensures that sufficient resources are réserve Ual maximum consumption rates). Throughout this paper, we are
for the agent, but, importantly, retains flexibility over when and interested in finding a schedule that maximises the oveaaial
how the resource is allocated. This leaves considerable flexibility Welfare i.e., the sum of all agents’ values, as this maximises the
for accommodating other, potentially less patient agents in the fu- overall benefit to all agents.

ture.
2) To ensure incentive compatibility, we furthermore modifythe 3. SCHEDULING COOPERATIVE AGENTS
existing Consensus algorithm. Specifically, we introduseral- In this section, we begin by assuming that agents are completely

isation of agents, ensuring that an unallocated agent cannot influ- cooperative and reveal their respective types truthfully to the mech-
ence future pre-commitment decisions. Second, we ensure agentgnism on arrival. This allows us to develop a number of scheduling
do not have an incentive to delay their arrival in the system by iden- mechanisms which we will later (in Section 4) adapt for settings

tifying re-evaluation pointsat which scheduling and pre-commit-  \yith strategic agents.

ment decisions may change, and by uspagtly-fixedschedules, We start by discussing how to solve tbéline version of the
whereby the schedule for committed agents is fixed until the next scheduling problem, where the scheduling mechanism has full in-
re-evaluation point. formation about all types ifi;, including future arrivals. This will

3) We evaluate our mechanism using real-world data from the form the basis for the more realistalinemechanisms we propose
largest trial of EVs in the UK and show that the average perfor- later.
mance obtained by our mechanism is 93% or more of an offline . .
optimal, and that it significantly outperforms a mechanism thatal- 3.1 ~ Offline Scheduling
locates electricity without knowledge of the agents’ preferences.  To solve the offline problem, we are simply interested in finding

The remainder of the paper is organised as follows. In Section 2, & schedule that maximises the overall social welfare. Formally,
we describe our model. In Section 3, we solve the online schedul- We define the social welfare &' (p,0r) = >_,.; di(p, 0:) - vi,
ing problem for a setting with cooperative agents, while in Section Whered;(p, 6;) is an indicator function witfd; (p, 6;) = 1 if agent
4 we consider how to ensure truthful reporting by strategic agents. ¢ receives at least its required amouptunder schedule and

Finally, an experimental evaluation is presented in Section 5. 6i(p, 0:) = 0 otherwise.
Unfortunately, finding such an optimal schedglés NP-hard!
2. MODEL However, we will describe how to find the optimal solution and

then discuss a more tractable heuristic procedure. In both cases,
we simplify the scheduling problem by partitioning time into non-
overlapping intervals within which neither the set of active agents
nor the production rate changes. This can be done by using all ar-
rival times,a;, departure timesj;, and supply transition times;,

to define the partition. Since agents are indifferent about when they

We consider a setting where a limited and expiring resource (e.g.,
electricity) is continuously being produced and must be allocated to
consumers immediately or is otherwise lost. Formally,pfaeluc-
tion rate(e.g., in kW) of the resource at timec R is given bys(¢).
We assume future supply is known. Furthermore, we model supply

using a step function defined by a set of rafes {so, s1,...,5m}
and transition pointd” = {t1,%2,...,tm}, such that the supply  1gyefly, this is because it is a generalisation of the NP-hard
rate transitions froms; _; to s; attimet;. 1 || > w;U; scheduling problem, i.e., minimising the weighted

We let] = {1,2,...,n} denote the set of potential consumers, number of tardy jobs [10].



receive the resource within each interval, this allows us to restrict the HNDFEASIBLE algorithm in particular, may not necessarily re-
our attention to finding the appropriate consumption rate for each sult in a high utilisation of the resource in the short-term. This is

agent within each interval. becausanyfeasible schedule is found, which may allocate the re-
. . . source at any time in the future or at a lower rate than the supply
3.1.1 Optimal Offline Scheduling would allow. However, in the online setting, it is desirable to fully

We can solve this problem optimally by formulating it as a non- utilise the available resources early, so that more agents can be sat-
linear programming problem. Here, the objective function is the isfied when they arrive in the future. For this reason, we modify
overall social welfare, the decision variables are the (constant) con- FINDFEASIBLE to use simple heuristic rules that shift all alloca-
sumption rates for each agent within each interval, and the con- tions to the earliest possible times, within the problem constraints.
straints are given by the problem domain, as described in Section 2. So far, we have concentrated on model-free settings, where the
This problem can be solved using standard optimisation tools — we scheduling mechanism does not anticipate future arrivals of agents.
use ILOG CPLEX in our implementation and denote this mecha- However, in many realistic settings, it is reasonable for the mech-
nism by QPTIMAL. However, due to the inherent complexity of — anism to have some model of the future, for example derived from
the problem, finding a solution may be time-intensive, and so we historical data or the algorithm designer's own knowledge of the
propose a faster heuristic in the next section. system. We explore this in the following section.

3.1.2 Greedy Offline Scheduling . 3.2.2 Model-Based Scheduling with Consensus

To splye the (_)fﬂlne S.Ched“"ﬂg problem more ql_chkIy, we first note Using a model of the future is useful, because it allows the mech-
_that itis pos_S|b_Ie to find tea&bl_eschedule for agien setof agents anism to adapt its scheduling decisions for likely future events. In

in polynomial time by formulating it as a maximum flow problem i\ jjar it can anticipate the arrival of future high-value agents

(_5|m|Iar tothe t_echmqug used in [4]) _and then using a standard algo- and accordingly allocate less of the resource to the currently active
rithm to solve it. In our implementation, we employ the Edmonds- set of agents when this is likely to be beneficial. Thus, we now as-

Karp algorithm and_denote this by'FDFEAS'B'?E (which retumns sume that our mechanism has some probabilistic knowledge about
an empty schedule if no feasible schedule exists). future arrivals.

With this, we can apply a greedy approach and iteratively add g qiscyssed in Section 1, an optimal online scheduling mech-

agents to an overall solution. In more detail, our heuristic greedy i in these settings is intractable, and so we design a model-
algorithm ﬁ.r.St qrders all agepts ihin 'de.creasing order of th.ei.r based online mechanism based on tr;e Consensus algorithm. This
value ‘.’eﬂs'.“eas'-e-’ vi/gi. This or’der IS '“?po”a”t’ becaus_e itis algorithm samples a number of possible future scenarios, solves
a heurlstlc |n_d|c§1tor of the agent's potential value to the final so- these using an offline scheduling algorithm, and then uses the ma-
lution (other mdncato_rs such as could be chosen,_ but we fo_und jority vote to select which immediate action to take. In addition to

vi/¢: to perform particularly well). Then, the algorithm iteratively being computationally tractable, this approach has the advantage of

considers each agent, adding it to a set of selected agents if a fea—not requiring a precise model of the future, and so it can be used

sible schedule can still be found after including that agent (uUsing g, e, in settings where only imprecise statistical information about

FINDFEASIBLE). This continues until all agents have been consid-. future arrivals is available. However, adopting Consensus in our

ered and the final feaS|_bIe schedule |ncl_ud|ng all selected agents 'Ssetting raises a number of challenges. First, given the continuous-
adopted. We refer to this heuristic algorithm ase&DY.

time nature of our setting, it is not clear when to make each online
3.2 Online Scheduling decision. An obvious c_h0|ce herg, and one that we verified experi-

. . ; . mentally to work well, is to do this every time a new agent arrives
Inan online setting, the scheduling mechanism may only have prob-;, ihe system.

abilistic information about future arrivals (e.g., historical data or Second, and more critically, since the resource is continuously
domain knowledge). The agents’ actual types are only revealed 10 yjisipje, there are an infinite number of possible actions to take.

the mechanism at their respective arrival times. Formally, the type hig problem is made even worse if the next action consists of a

profile attimet is given byd{"’ = {6; |i € IAa; < t}. Toaddress  schedule until the next decision point. To address this problem,
this setting, we compare two approaches: model-free scheduling,instead of voting on schedules, we modify Consensus to vote only
where no model of future arrivals is available, and model-based gn the agents that should be included in the online schedule (and
scheduling, where the mechanism has access to some statisticaleceive their required amount of the resource) and then introduce
information about future arrivals. While this paper focuses on a 3 second phase in which we produce a feasible schedule with the
model-based approach, we use the model-free solutions as a benchselected agents. Selecting the set of agents is done iteratively by
mark and to see if having a model of future arrivals provides any considering each potential agent in turn, using the greedy heuristic
additional benefits. ordering discussed earlier — if the majority of offline solutions
. . include this agent in their schedules, we accept the agent, otherwise

3.2.1 Model-Free Online Scheduling we reject it (for the time being). As soon as an agent is accepted, all
The most straight-forward model-free approach is to simply apply other candidate agents are tested again, this time enforcing that the
our offline algorithms tc&)}”. This is done by following the sched-  accepted agent is part of the solution. This repeats until no more
ule provided by the ®TIMAL or GREEDY offline algorithms, and agents are selected, and a final feasible schedule with all accepted
repeating the algorithm every time a new agent arrives (while up- agents is calculated and adopted.
dating the required amount of resource for those agents that have This procedure separates the decision of which agents to sched-
been partially satisfied). This allows the algorithm to take advan- ule (as a binary choice for each agent) from the low-level task of
tage of higher-value agents as they arrive, possibly abandoningfinding an overall schedule for all agents. Note that a valid alterna-
agents that were previously included in the schedule. Due to thetive here might be to present all agents to the Consensus scenarios
complexity of solving @TIMAL, we will focus on the heuristic at once, as is done in [8], but this raises several issues. First, the
version of this algorithm and denote this bjWONE GREEDY. offline algorithms now vote on subsets of agents to include rather

Note that the schedules produced by the offline algorithm, and than individual agents, which leads to a large decision space that



is voted upon. Moreover, a high-value agent may appear in many Algorithm 1 CoNSENsUSAlgorithm.

distinct subsets, but it may not get voted into the solution, due to 1: 4t 42, ... gk > Consensus scenarios
its votes being divided across these subsets. This issue presents2: p « > Keep track of schedule
a problem not only for allocation efficiency, but also for incentive 3 s > Supply

procedure SIGNALARRIVAL (67, t)

compatibility (discussed in Section 4). Serial consideration of the
p RUNCONSENSUS{G;” ,0,0,t) > Future schedule

4:
agents avoids these issues. 5 '
The full details are given in Algorithm 1. This algorithm keeps in 61 P poeit) Uhlhoo)
its statek scenarios that are sampled from a suitable model (line 1), /: procedure RUNCONSENSUS0}" . C. pe, 1)
where eacl¥’ is a set of samplestirtual agents. For efficiency, 8' 07 APPLYSCHEDULE(f)f)»Pvt) > Update agents
we sample these once and re-use them every time Consensus Ii% forall j € {1,...,k} do

called. The algorithm also keeps schedul@ine 2), which is con- 1 01 « 10i0: € 67 Nay >t} > Update scenarios

structed gradually over time as more agents arrive. Specifically, 15: "o cq faise

we assume the functiom@xlALARRNAL(Qf),t) is used to no- 13: forall 6; < GREEDYORDER(6} \ C) do

tify the algorithm whenever the set of currently known typ#$), %g if af'/gf:;_fa(')sethe”  nitialise votes

changes. When called, it executes theNlEONSENSuUsfunction 16: forall j € {1,...,k}do > Scenarios

to re-schedule the known agents, but keeps the previous scheduld 7: p’ + GREEDY(0} U {6;}, C, pc) > Solve

fixed to satisfy the online property(_ . +) is the original schedule 18: if 8:(p’, 0;) then >In?

p, truncated to the time intervél-oo, t)). %g _ votes«— votes+ 1 > Vote yes
RUNCoONSENsuUSfirst updates the set of known agent types with 57 i Vggjgi/ijge” - Include it

the amount of the resource they have received so far following 22: C« Ccui{n

schedulep, using an appropriate PLYSCHEDULE function. All 23:  until added= false

arrival times are also set tohere, to reflect the fact that no past 24:  retun FINDFEASIBLE(C, pc, 5) > Return final schedule

allocations can be altered. Next, the algorithm retains only those

virtual agents in the scenarios that arrive in the future. Now, the

main loop (lines 11-23) iteratively builds a set of selected agents, the type agent reveals at itseported arrival timea,, whered;

C, which is initially empty. To do this, it considers the agents in  may not be equal t6;. However, we make a number of reasonable
the same order as our greedy heuristic (to reflect their likely value 555mptions about the misreports an agent may make, which typi-
to the solution), and then solves each of thecenarios using the  cajly hold in practice. First, it may not report earlier arrivals and it
offline GREEDY algorithm. If an agent is included in at least half 3y not report later departures, i.e., it must hold that a; and

the scenarios, we add it t©@. Finally, a feasible schedule for only d; < d;. This is reasonable, because the agent must typically be
the agents it is returned. physically present during its active interval to receive the resource,

N(f)te Eere that in additionhto the Setf?lf can(ljida_t(re] agerﬁsavye addyng so its presence can be verified (in the EV setting, a car cannot
two further parameters to theRBEDY offline algorithm called in be plugged in before it physically arrives and, similarly, unplug-

!|neh17. ?pgcmcallyﬁ is af?Ub?]et' of thfe tylpes tgatmust beflncludﬁ_cil ging earlier than the reported departure could be detected). How-
'Et e solution (to.[Fbectt € choice of S€ ehcte ggentg zo an), WHIE ever, delaying the agent’s arrival in the system or departing earlier
the parametépc will become important in the setting with strategic ., hecessary are possible manipulations. Second, we assume that

agents a.m.j denqtes partof a schedqlg that has been fixed Up,to.thggents cannot overstate their maximum consumption rate, i.e., it
next decision point. However, here, it is always empty, and, simi- o 014 thaf, < 7. 2

larly, the setC, holding the set of selected agents, is re-initialised to Since a scheduling mechanism now uses the reports of all agents
the empty set at every invocation (line 5). This gives the algorithm as input, denoted bg);, we write the schedule produced by it as
full flexibility to change its schedule without having to make any nput, % } . P y e
binding pre-commitment choices (a feature that becomes necessar)f(e” 5,)' Fur.thermore, to exgmlne and englnger th? agen.ts indi-
in Section 4). vidual incentives, we also definggayment functiom:; (61), which

So far, we have assumed that agents are cooperative and revegi€términes how much agenshould pay the mechanism on its de-
their private types truthfully to the scheduling mechanism. In the Parture, given the reports of all agents. As is common in mecha-
next section, we investigate what happens when this is not the casenism design, we use this payment function to ensure truthfulness.
Given this notation, thetility of an agent is u;(r, =, 0;,0r,s) =
4. SCHEDULING STRATEGIC AGENTS o he renl typgy (01 )- Where we note thak here depends
In many realistic settings, agents are self-interested and cannot be Now, to address potential manipulation by the agents, we are
assumed to provide truthful information when this is not in their interested in a property calledominant strategy incentive com-
bestinterest. To examine such settings, we will firstintroduce some patibility (DSIC). Briefly, if a mechanismr and payment func-
additional terminology from the area of mechanism design (Sec- tion x are DSIC, this means that it is best for every agent to re-
tion 4.1), then we will show why our current Consensus implemen- port their true type, ie.d; = 0, regardless of what everyone

tation is vulnerable to manipu|ati0n (Section 42) and flna”y show else repor’[s_ Forrna”yl DSIC holds farandz if and only if itis
how it can be modified to incentivise truthfulness (Section 4.3).

| 2This is justified in settings where receiving the resource at a higher
4.1 Mode rate thanr; either carries a high intrinsic penalty (as is the case in

In this section, we assume that agents odsreporttheir private the EV charging setting, where it may damage the expensive bat-
types to the scheduling mechanism. Specifically, in the EV set- tery) or can be detected by the mechanism, for example if not all

’ . - . ) . of the allocated resource is consumed. In these settings, schedules
ting, vehicle owners may plug in their vehicles later than their true can be constructed in such a way that every agent receives the re-

arrival times, unplug them earlier, or report needing more charge soyrce at its maximum rate for some time. However, to simplify the
than is actually the case. We denote hy= (¢, 0s, 7, a4, d;) exposition, we do not include such a scheduling mechanism here.



true thatu; (, z, 0;, éfi U{6:},s) > ui(m, z,0s, éfi U {é,}7 s),
vo;, éi, é_z-, s, Where we usé_; to denote the reports of all agents
apart from:. Additionally, to ensure participation, we also want
« andz to beindividually rational (IR), which means agents never
make a loss when participating. Formally, it must hold thtr, ,

91', é_i @] {01}, S) Z 0, Véz, é_i, S.

To achieve DSIC and IR, there are a number of results we can
draw upon [9]. Specifically, in single-valued domains like ours, the
mechanismr must bemonotonicfor DSIC and IR to hold, pro-
vided unallocated agents are not paid. To define monotonicity in
the context of our work, leK be a partial order over the types
with 6; < 0; = (CLZ‘ > aj) N (dz < dj) A (Ti < T‘j) A (qi >
g;j) N (vi < wvj). Then, we sayr is monotonic if and only if
0i(m({0:} U O_s,8),0;) =1 = 51(7'(({0;} U 972',8),9;) 1,
v0; < 0;,6_;,s. This means if an age#t is allocated by an allo-
cation mechanism, it would remain allocated by if its type was
0., wheref; < 0,.

Furthermore, [9] shows that, for a mechanism to satisfy DSIC

carded. For example, if agent 2 from the example above had re-
portedcig = 1, it would be left unallocated and no resource would
be allocated in the intervd, 1]. Clearly, this can be highly ineffi-
cient, especially since it means that had agent 2’s type really been
62 = (1,100, 1,0, 1), it would still remain unallocated. A second
disadvantage of ironing is that testing for monotonicity violations
is computationally expensive, as a large set of possible misreports
has to be considered.

For this reason, we adopt a different approach. Specifically, we
ensure that our Consensus algorithm,is monotonic in the first
place, avoiding the need for ironing. We achieve this through the
following modifications.

4.3.1 Pre-Commitments

First, to address the intrinsic disadvantage for patient agents in the
current algorithm, we propose the notiongr&-commitmentsTo

this end, we modify Consensus to make a firm commitment to

schedule agents if they, at any point, receive a majority vote in the

and IR, the payment for each allocated agent must be equal to itsoffline scenarios. Once this happens, the agent is pre-committed,

critical value Essentially, this is the lowest value an agent could
report to the mechanism and still remain allocated. More formally,
the payment of agentmust bez;({#;} U 6_;) = min v/, such
that (51(71'({9;} U o_,, S),G;) = 1, with 0; = <qi, ’0277“»;,(11‘, d~b>
(z:i({6:} U 6_;) = oo if there is no suchy}). Unfortunately, we

now show that Consensus, as presented in the previous section, is

not monotonic.

4.2 Failure of Monotonicity

The key problem with Consensus (and the other algorithms pre-
sented in Section 3) is that it does not preserve monotonicity for
agents with regard to their departure time. Often, more patient

which means that it is now guaranteed to receive its required re-
source (specifically, this is added as an additional constraint to all
future scheduling decisions). We achieve this by moving the set
of selected agents;, into the state of the Consensus algorithm,
instead of re-initialising it at every invocation of Consensus.

In a sense, while ironing punishes impatient agents, using pre-
commitments rewards patient agents instead, because their larger
flexibility means they are more likely to be included in the sampled
scenarios. However, it is important to note that the commitment
decisions still depend on the sampled scenarios, and so even a very
patient agent may not receive a pre-commitment until it is highly
likely that no better agents will arrive in the future. Furthermore,
while a commitment to satisfy the agent is made, the time of when

agents are delayed in favour of more constrained agents, but newy, gcheqdule the agent is initially left open. This allows Consensus to

arrivals may mean they are no longer allocated in the future. As
a concrete example, assume there are two agents with #ypes
(1,1,1,0,1) andd2 = (1,100, 1,0, 2), and the supply is(t) = 1.

flexibly interrupt or re-schedule the agent as necessary, e.gn whe
an impatient agent with a high value arrives, as long as the pre-
committed agent is still satisfied eventually.

For sake of argument, assume that none of the scenarios sampled

by Consensus expect more arrivals before time 2, so that, when re-

porting truthfully, both agents 1 and 2 are included in the set of
selected agents;. However, due to its tighter time constraints, the

less valuable but also less patient agent 1 is scheduled first in the

interval[0, 1].

Now assume that a new agent arrives at time 1tk (1, 200,
1,1, 2) (which may possibly represent an extremely rare event that
was not anticipated by Consensus). Due to its higher value, this
is now included inC' and scheduled in the intervl, 2], prevent-
ing agent 2 from being allocated. Given this outcome, had agent
2 lied about its patience by misreporting its own typeéas:
(1,100, 1,0, 1), it would have been allocated. This breaks mono-
tonicity, ashy < 02, and itis also clear that it does not satisfy DSIC.
In more detail, using critical value payments, the utility for agent 2
when misreportings is us (m, x, 02, {61, 02,03}, s) = 100 — 1 =
99, while a truthful report would result in being unallocated, with
’LL2(7T, x, 92, {91, 02, (93}, S) =0.

4.3.2 Re-evaluation Points

While pre-commitments ensure monotonicity with regard to de-
parture times, agents may still strategically misreport their arrival
times to be allocated (thus breaking monotonicity with regard to ar-
rival times). This is because the decision of Consensus is sensitive
to the time it is invoked. Whenever a virtual agent is removed from
an offline scenario (line 10 of Algorithm 1), this may change the
votes of that particular scenario. As a result, an agent might benefit
from misreporting its arrival time to exactly the time where the ma-
jority of offline solutions would vote in its favour. To address this,
we need to re-run the Consensus decision at every possible time
where the solution might change for any unallocated agents. As
just discussed, this can happen any time a virtual agent is removed
from the scenarios, and, for this reason, we introduce additional
re-evaluation pointsvhenever this happens. More specifically, we
re-run Consensus for every arrival time of a virtual agent aathss
scenarios.

To address this issue, we now proceed to introduce a number of

modifications to Consensus that achieve monotonicity.

4.3 Truthful Allocation

4.3.3 Partly-Fixed Schedules

However, simply re-evaluating Consensus regularly is not sufficient
for monotonicity. Since the scheduté produced by RDFEA-

As discussed in Section 1, one approach to making the allocation SIBLE does not necessarily correspond to the schedules produced

policy = monotonic is to apply ironing. This involves identifying

3In fact, the set of pre-committed agents cannot change at all re-

cases where an allocation is made, but where the allocated agent'sy51yation points, since more than one vote change is required in

type might have been a misreport that violates monotonicity. In most cases. However, for space reasons, we do not discuss this in
this case, the agent remains unallocated and the resource is dismore detail.



Algorithm 2 CoNSENSUSPC with Pre-Commitments.
1. c«0 »
2! tnex « min{a; | 0; € 03,V5}
3: procedure SlGNALARRlVAL(9§t>,t)

> Pre-committed agents
> Re-evaluation time

4: p + MODIFIEDCONSENSUZ0(", C, Plt,tnex) s t)

5: procedure REEVALUATE(@}"> , 1) > Called at timet = tnext
6: thext < min{a; | 0; € 67,V5}

7: p MODIFIEDCONSENSU$9§t>, C,0,t)

8: procedure RUNMOD||:|EDCON5EN5US{9Y> , Py t)

9: repeat
10: ph 4 pe > Old partly-fixed schedule
11: o'+ RUNCONSENSUS0Y , C, pe, t)
12: Pe = 'th,fnext)
13:  until pc = p, > No more changes
14: p pliooy Upe
15:  return p

by the offline scenarios, following it may cause some of the of-
fline solutions to change even before the re-evaluation point. To
address this, we force Consensus to nuavtly fix the schedule
over the next intervalpy; ;.. » Wheretnex is the next re-evaluation
point, and then immediately re-run Consensus, this time forcing

any scheduling solution to allocate at least as much of the resource

to the agents as dictated by ..., (this is the additional inpupc

to the GREEDY function). This continues until no more changes
are made to the set of pre-committed agents. In effect, this gives
each offline scenario foresight over what will happen over the next
time interval and thereby forces them to make any changes in their
votes immediately rather than during the interval. For this reason,
/’ft,tnexl) needs to remain fixed over this interval, although any spare
resource may still be allocated, e.g., to new agents that arrive dur-
ing [t, tnext). While this restricts the flexibility of the scheduling
algorithm slightly, it is possible to add arbitrary new re-evaluation
points, which lead to higher flexibility, but also require more eval-
uations of the Consensus algorithm.

A sketch of our modified Consensus algorithm is given in Al-
gorithm 2, which only shows the main differences to Algorithm 1.
Here, an additional function HEVALUATE is called for every re-
evaluation pointnex. Note, also, when the scenarios contain no
agents, this algorithm constitutes a truthful version of the model-
free algorithm from Section 3.2.1. We will now show that our
new Consensus mechanism (along with critical value payments) is
DSIC and IR.

THEOREM 1. Consensus with pre-commitments, re-evaluation
points and partly-fixed schedules is DSIC and IR with critical value
payments.

PROOF We prove this by using the results from [9] and showing
that the modified Consensus is monotonic. To this end, we need to
show that if an agent with typ@; is allocated, it would also be
allocated if it had a higher typ# > 6;. We do this by assumingj
differs from#, in exactly one dimension:

Required amount (g < ¢;): Consider the time that typed;
is pre-committed. 19} is not yet pre-committed before we will
show that it will also be pre-committed atIn more detail, this is
because it is always considered at the same time or earliefthan
in the order given by ®EEDYORDER (both within Consensus and

As 0] requires a lower amount of the resource, it will therefore ap-
pear in at least as many feasible schedule; athus receiving at
least the same amount of votes in Consensus.

Value (v; > v;): The same argument as above applies.

Rate (; > r;): This follows a similar argument as above. Here,
feasibility for 9/ is tested against the same set of constraints when-
everd; is tested (as their position given by the greedy order is the
same). Thus, whe#f; is pre-committed by being selected by the
majority of offline scenarios, so will; (at the latest), because any
schedule that is feasible fér will also be feasible fos;.

Arrival time ( a} < a;): Consider the time at which@; arrives.

If it is not pre-committed immediately, it will be at some future re-
evaluation point’. Since future re-evaluation points are indepen-
dent ofa; or a}, #; would also be pre-committed at the same time
t’. On the other hand, #; is pre-committed immediately, we can
show thaty; would have been pre-committed earlier. To show this,
we note tha¥; arrives between two re-evaluation pointsand 3,

for which the schedule will have been partly fixed. Now, asstifne
was present at re-evaluation pointind is still not pre-committed.

At the latest, it will now be pre-committed once the schedule over
pla,3) has been partly-fixed. This is because it competes against
exactly the same set of virtual agent¥adoes at time (by defini-

tion of the re-evaluation points), with the same constraints, and so
any time an offline solution contairts at timet, it will also con-

tain 0, at timea. A similar argument can be made wh&narrives
betweeny andt, where the same conditions hold.

Departure time (d; > d;): This follows a similar argument as
for the maximum rated; is considered at the same positionfas
within the greedy solution of each offline scenario. As any feasible
schedule for; is feasible ford;, it will be pre-committed at the
same time a#8; at the latest.

We can now show that monotonicity holds also across several di-
mensions. For this, consider afyy< 0, that vary inz dimensions.
Then, we can find a set of intermediate tyges=< 67 < ... <
67~ < 6}, where each type varies in at most one dimension with
its predecessor. Using the reasoning abové; i allocated, so
mustd;. [

4.4 Practical Considerations

For space reasons, we do not give a detailed algorithm for calculat-
ing the critical payments here. However, this is relatively straight-
forward to implement and can be done using similar techniques
as in [5, 8]. To give the reader an intuitiom; can be calculated
by simulating the system without ager# presence in the interval
[t,d;], wheret is the time agent is first pre-committed. At each
iteration of Consensus in the simulated system, we then first find
the minimum valuey; agent; would need to report to be included
by the majority of offline scenarios (this can be done using a binary
search on the greedily ordered virtual agents). Then, we calculate
the minimum valuey;’ the agent would need to report to be consid-
ered before the ageritthat is pre-committed during that iteration
(v = 0 if none is pre-committed). The critical value for this par-
ticular iteration of Consensus is themx (v}, v;’ ). This is repeated
for every iteration and every re-evaluation point and the final pay-
mentz; is then simply the minimum of these critical values.

An attractive feature of calculating the payments in this way is

the Greedy algorithm). Since an active uncommitted agent’s pres- that they can be used also when agents depart earlier than antici-
ence has no effect on other scheduling decisions up to the point itpated. Rather than charge them arbitrary penaliiesan be cal-

is pre-committed (due to the serial voting procedure we use, which culated for the actual interval the agent was present and for the
considers active agents independently of each other), each time feaactual resource received. This allows agents to leave the system
sibility is tested in the offline greedy algorithré; will be tested when necessary (e.g., in case of an unforeseen emergency), with
with the same set or a subset of the agents@hatas tested with. out imposing heavy fines.



5. EXPERIMENTAL EVALUATION Consensus, as given by Algorithm 1. We generate 20 scenar-

In this section, we apply our mechanism to scheduling the charg- ios, as this obtains good results in practice.

ing of EVs, using data from the first large-scale real-world trial of

EVs in the UK. The purpose of this is two-fold. First, we are inter- e ONLINEGREEDY-PC: Thismodel-free, truthfumechanism
ested in quantifying the benefit of using a model of future arrivals uses the @LINEGREEDY algorithm to schedule the present
in these settings. Second, we wish to determine how an incentive- agents, along with pre-commitments to ensure DSIC.
compatible mechanism compares to one that assumes cooperative

agents. o CONSENSUSPC: Thismodel-based, truthfuhechanism uses

. our modified Consensus algorithm (Algorithm 2).
5.1 Experimental Setup

To evaluate our mechanisms in a realistic setting, we utilise data5.3 Results
gathered during the CABLED (Coventry And Birmingham LOW  pe gy results of our experiments are shown in Figure 1. Here, we

Emissions Demonstration) projettAs part of this project, EVs vary the number of EVs within the neighbourhood from 0 to 100 to

fitted with data loggers were given to the public, in order to study oy esent different levels of demahdnd we show the results for
their daily travel and charging patterns. In our experiments, we different proportions of high-value agents= 0.0, v = 0.25 and

;ample actu_al recorded journe)_/s from this data set to yield realis- v = 0.75. For statistical significance, we repeat all experiments
tic agent arrival and de_part_ure times, and We use the actual batt_ery 000 times and plot 95% confidence intervals. We chose average
charges consumed during journeys to determine an agent’s required,,i-| welfare (excluding payments) as the key performance met-

amount of electricity. We also use these distributions to ('”‘?'epe”' ric, as this is the overall utility generated by each mechanism, and
dently) sample scenarios for the Consensus-based mechanisms. Fi-

I I ; harai K f| h \we normalise it to the performance of the offlin@OmMAL.” As
nally, we set al maximum charging rates to 3kW to reflect the ca- this uses full information about future arrivals, it serves as a useful
pabilities of the EVs used in the trial. upper bound of any mechanism.

Regarding an agent's value, we distinguish between two types

f he first | - b First, we consider the performance oAIRCONTENTION (in
of agents. The firsiow-valueagents, are willing to pay between — o0eny - Clearly, this achieves a very poor performance as soon as

£0.05 and £0.15 per kWh in their required amount (determined uni- joanq increases within the neighbourhood. When there are only
formly at ra}ndom). These would rather remain uncha}rged by the_lr 25 EVs, its performance drops to around 50% @ffOMAL , eventu-
_departure time than pay much more tha_n_the usual price of electric- ally reaching an overall performance of only 5%—10%, depending
ity. The secondhigh-valueagents, are willing to pay upt0 £1.50 -  51"ne setting. This is because the mechanism considers neither
£2.50 per mile that they are pIanmn_g to travel (as given by the sam- the deadlines nor the charging requirements of the users and so this
pled CABLED data). These constitute agents that have to travel highlights the need to schedule EVs in a more informed manner.

at their departure time, for example to reach their place of work, The simple non-truthful mechanisms REEDY and CONSEN

and so thejrvaluation repr.esents the appr.oximate cqst of having tog, ;o (both shown in blue), achieve a significantly better perfor-
take a taxi instead. We will vary the relative proportions between mance, because they greedily select a promising set of agents to
the groups to represent varying levels of heterogeneity in the agentcharge (guided by their value densities) and produce a feasible

pop_ulaltlion. il h . h schedule that considers the deadlines and charging requirements
Finally, to simulate the prc_)duct|on ratgt), we use the average 4t the agents. By doing this, they consistently achieve around 93%
glectnuty consumption profile of a small nelghboqrhood Consist- ¢ GpTIMAL. Surprisingly, there is no significant difference be-

ing of 50 ho_useholds, and allow any spare electricity to be used tween the two mechanisms, implying that the use of a model is not
for EV charging whenever consumption drops to below 80% of the o casqary in these settings. This is because the strategies have con-
peak consumption. This simulates the constraints of the local trans-giqe 416 flexibility in responding to new arrivals in the system by
former (with an additional safety margin to account for unexpected 5 yanting their schedules and so there is little benefit in anticipating
fluctuations in consumption), and means that no electricity is avail- 1 asa heforehand

able during the peak hours of the early evening, but considerable Finally, we conéider the two truthful mechanisms: & py-PC

spare capacity is available during the night. and GNSENSUSPC (both shown in red), which are the main fo-
5.2 Benchmarks cus on this paper. Here, we note thalREEDY—PC ir_1itia||y_per- _
forms well, but its performance decreases quickly in settings with
high demand. This is particularly pronounced when there are only
a few high-value agents, i.e;,= 0.25, where it achieves less than

-~ 35% of the optimal. This is because this strategy does not use a
electricity equally between all present uncharged agents. We 1, qe| of the future when making pre-commitments. Thus, in the

assume agents unplug as soon as their required ampint  gatting withy = 0.25, it will pre-commit even to low-value agents,

reached. As such, this represents a naive scheduling mechay,hich may then prevent it from accepting high-value agents in the

nism that can be easily implemented without requiring agents ¢+ ,re.
to report their types.

To evaluate our mechanism, we use several benchmarks:

e FAIRCONTENTION: This mechanism divides the available

s . 5Beyond 50, this means that some households own more than one

* ONLINEGREEDY: This model-free, non-truthfuhechanism EV. This allows us to evaluate the mechanism in settings with very
uses the heuristic greedy algorithm to schedule the presenthigh demand, and we assume that there is no collusion between the
agents (as described in Section 3.2.1). EVs within a household.

) ) "As OPTIMAL is too computationally intensive in larger settings,
o CONSENSUs Thismodel-based, non-truthfolechanism uses  we also applied the offline @EDY approach. For consistency, the
7 data shown in the graphs uses theEEDY data throughout as an
Seehttp://cabl ed. org. uk approximation of the optimal, but we verified experimentally that
SWe use real consumption data of domestic households publishedthere is no statistically significant difference in those settings where
by SCE for June 201t t p: / / www. sce. com ). we ran both algorithms.
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Figure 1: Average social welfare as number of EVs is increased andf various levels of heterogeneity.

In contrast, the model-based truthful mechanism we propose, interfaces to allow car owners to express their preferences and in-
CONSENSUSPC, performs significantly better, consistently achiev- teract with the mechanism in a non-obtrusive manner. Other rel-
ing 92-97% of @TIMAL. This implies that using a model is criti-  evant extensions include dealing with multi-value domains, where
cal, in order to make the use of pre-commitments viable in realistic the utility an agent derives depends on the amount of resource re-
settings. This is because pre-commitments are irrevocable deci-ceived, and we will explicitly explore other application areas for
sions and so the mechanism must be confident that they are unlikelyour mechanism.
to have a detrimental impact on future scheduling decisions. While
we do not consider the runtime performance of our mechanismin 7. ACKNOWLEDGEMENT
detail in this paper, we note that simulating a 24-hour day with 100 . .
cars takes orl?lypa few seconds on a standgrd PC, indicat?/ng that it isTh'S.WOrk was.funded by the ORCH'W’ or chi d. ac. uk)
feasible even in larger settings. and iDEaS projectasimwv. i deaspr oj ect . i nf o).
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